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Understanding the reasons for persistently poor child nutri-
tion, particularly height for age (HAZ), outcomes in India in
the face of relatively strong economic performance has
emerged as an important research area in recent years. India
has the largest number of stunted children in the world, with
a child stunting prevalence that is worse than Sub-Saharan
Africa’s, despite India’s economic advantages (Spears, 2013).
Evidence is accumulating that there could be severe lifelong
economic, health, and cognitive repercussions arising from
these early childhood height deﬁcits (Spears, 2012).
A marked feature of child nutrition outcomes in India and
their evolution is their substantial heterogeneity across states.
The National Family Health Survey 2005 data (NFHS-3) show
that stunting prevalence among under-ﬁves ranges from 24% in
Kerala to 57% in Uttar Pradesh. Also, the evolution of stunting
prevalence over time and its associations with aspects such as
economic growth and agricultural growth is characterized by
signiﬁcant heterogeneity across states. Headey, Chiu, and
Kadiyala (2012) present data over 1992–2005 to show that eco-
nomic progress, including agricultural growth, is strongly corre-
lated with nutritional outcomes in some states but very weakly
in others. Menon, Deolalikar, and Bhaskar (2008) compute an
Indian State Hunger Index (comprising calorie inadequacy,
child underweight and child mortality) using the same method-
ology as theGlobalHunger Index and ﬁnd that there is substan-
tial variability among states and that much of this variability is
contributed by the anthropometry component of the index.
Moreover, they ﬁnd the association between values of the index
and state per-capita income and economic growth to be weak.
What explains the observed heterogeneity in nutrition out-
comes across states in India? Some of it will be due to diﬀer-
ential endowments across states of the variables commonly
used in explaining nutrition outcomes using individual and
household-level data - household income, assets, education,
sanitation, etc. This is, for example, reﬂected in the correspon-
dence between state Human Development Index values
(covering indices of income, life-expectancy and education)
and child nutrition outcomes - some of the best performers
are the same across these dimensions (e.g., Tamil Nadu,
Kerala, Goa), and so are some of the worst performers (e.g.,216Bihar, Madhya Pradesh). However, the ﬁndings of Headey
et al. and Menon et al. (2008) noted above suggest that the
strengths of relationships between observed determinants and
nutrition outcomes might also be diﬀerent across states.
Althoughother unobservable factors could alsobe reﬂected in
the strength of relationship between a typical observed covariate
such as household income or maternal education and a child
nutrition outcome, variations in nutrition-related policies, pro-
grams and institutions across states could be important. Tying
such elements back to politics, Harriss andKohli (2009) empha-
size that crucial diﬀerences in whether a particular state’s polit-
ical landscape allows thepoor andmarginalized to havepolitical
voice, and in the quality of institutions, have an important bear-
ing upon nutrition outcomes that can be achieved with given
endowments of wealth and other observables.
In a regression context, the diﬀerences in nutrition outcomes
across states explained by diﬀerences in observed covariates
can be termed covariate eﬀects. Diﬀerences explained by diﬀer-
ing strengths of relationships between covariates and out-
comes, in other words the “returns” to speciﬁc endowments,
can be termed coeﬃcient eﬀects. Understanding the drivers
of diﬀerences in nutrition outcomes between better and worse
performing Indian states, and the relative roles of covariate
and coeﬃcient eﬀects is important because, (i) given the size
and diversity of India, a one-size-ﬁts-all national picture is
unlikely to be suﬃciently informative for nutrition-related
programing and policymaking, (ii) not only are there large
gaps between states at the two ends of the spectrums of most
social and economic development indicators, but many of
these gaps are also widening (Purﬁeld, 2006). Furthermore,
three of the states of the bottom of the nutrition league, Bihar,
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of the projected population increase in the next decades will
come from (Visaria & Visaria, 2003), (iii) A comprehension
of the relative roles of covariate and coeﬃcient eﬀects can pro-
vide an understanding of the extent to which nutrition conver-
gence can be attained by improving basic endowments that
impinge on nutrition, and the extent to which more directly
nutrition-related programing and the general quality of insti-
tutions and policy-making, as reﬂected in coeﬃcient eﬀects,
are important.
A vibrant literature, reviewed below, has emerged that empir-
ically explores the determinants of child anthropometric out-
comes in India. This literature has signiﬁcantly advanced
appreciation of the correlates of improved child nutrition for
the nation as a whole. However, less attention has been paid
to unpacking heterogeneity in outcomes across speciﬁc states.
This paper aims to ﬁll this gap in the literature by an empirical
case-study approach that compares a set of states displaying rel-
atively poor child nutrition outcomes - Bihar,Madhya Pradesh,
Uttar Pradesh, Odisha, and Gujarat, 1 with a benchmark state
displaying relatively good outcomes: Tamil Nadu. Given the
higher prevalence of malnutrition in rural than in urban areas,
the heterogeneity in the characterization of rural versus urban
nutrition (Smith, Ruel, & Ndiaye, 2005; Srinivasan, Zanello,
& Shankar, 2013), and in consonance with the recent literature
(Spears, 2013; Headey et al., 2012), we focus on rural areas. We
use the last available nationally representative National Family
Health Survey (NFHS-3) data and counterfactual decomposi-
tion methods to assess covariate and coeﬃcient eﬀects to
explain HAZ diﬀerentials between benchmark and comparison
states. This is done ﬁrst for mean HAZ diﬀerentials using
Oaxaca–Blinder decompositions, and then for the entire HAZ
distribution using decompositions based on quantile regres-
sions. The latter are termed “Quantile Regression-based Coun-
terfactual Decomposition” (QR-CD) methods, and allow the
covariate and coeﬃcient eﬀects to diﬀer along the entire distri-
bution of nutrition outcomes. For example, are covariate versus
coeﬃcient contributions to cross-state comparisons diﬀerent at
the lower tail of the HAZ distribution (where severe stunting is
likely to be prevalent) compared to the middle and upper parts
of the HAZ distribution? In a policy atmosphere where target-
ing of the most vulnerable is important, such distribution-wide
insights can be valuable (Srinivasan et al., 2013).
The paper proceeds as follows: Section 2 places this study
within the context of previous literature. Sections 3 and 4
present the data and decomposition methods respectively.
Section 5 discusses the decomposition results and Section 6
concludes with a discussion of our ﬁndings.2. PREVIOUS LITERATURE
Two literatures of central interest to this study are brieﬂy
reviewed in this section: one on the empirical modeling of child
anthropometry in India and the other on cross-state political
and institutional diﬀerences impacting development outcomes.
Among several puzzles surrounding trends in growth, pov-
erty, and nutrition in India, Deaton and Dre`ze (2009) high-
light the very slow improvements in child anthropometric
outcomes despite vigorous growth in income. This stagnation,
and international comparisons that paint a worrying picture of
child nutrition in India, have been debated extensively (see
Panagariya, 2013, and the ensuing discussion in the Economic
and Political Weekly).
A number of studies have carried out regression modeling to
explain variation in child anthropometry in India. TheUNICEF conceptual framework on child nutrition outcomes
(UNICEF, 1990) has underpinned the speciﬁcation of these
studies. The models have typically included a variety of con-
trols capturing observable and quantiﬁable basic and underly-
ing causes of nutrition, but have often trained special focus on
particular aspects of interest. 2 Spears (2013) highlights the
importance of the relationship between sanitation and child
height in India as well as in other countries and regions. Given
the centrality of food intakes to nutrition outcomes, the
increasing recognition of the multiple pathways through which
agriculture could inﬂuence nutrition, and the importance of
the agricultural sector to rural Indian livelihoods, a strand
of the literature has focused on the links between agriculture
and nutrition in India. Bhagowalia, Headey, and Kadiyala
(2012), using the cross-sectional India Human Development
Survey data, and Headey et al. (2012), using NFHS data,
examine the connections between agricultural production con-
ditions, diet diversity, and anthropometric outcomes, ﬁnding
that while some agricultural variables such as livestock owner-
ship and irrigation have associations with nutrition outcomes,
many relationships along the agriculture–nutrition pathways
in India are relatively weak and less than clear-cut.
The inﬂuence of the relative bargaining power of women in
the household as measured by mother’s schooling relative to
father’s on child nutrition outcomes has been examined by
Imai, Annim, Gaiha, and Kulkarni (2014), who ﬁnd a statisti-
cally signiﬁcant positive inﬂuence. Other foci in this literature
have included the impact of speciﬁc programs such as the Inte-
grated Child Development Services (ICDS) on HAZ (Jain,
2015; Kandpal, 2011). Much of the literature has focused on
modeling mean anthropometric outcomes. However, a small
set of studies (Borooah, 2005; Imai et al., 2014; Kandpal &
McNamara, 2009) has modeled the entire distribution of an
outcome such as HAZ by using quantile regression methods.
They all have found evidence of heterogeneous eﬀects of key
covariates on diﬀerent parts of the outcome distribution, high-
lighting the value of allowing for such ﬂexibility.
The above-reviewed literature has highlighted some of the
key sets of routine observables that help explain variation in
outcomes considering India as a whole. Cross-state hetero-
geneity has been recognized in the literature, for example in
the form of controlling for state-speciﬁc intercepts (ﬁxed
eﬀects). Less attention has been paid, however, to explicit con-
sideration of cross-state diﬀerences, particularly the diﬀeren-
tial strengths of association between observables and
outcomes across states.
Nonetheless, a separate literature has documented strong
cross-state disparities in several dimensions that can impinge
on the strength of association between endowments and nutri-
tional outcome (in other words, the returns to endowments).
These aspects, such as strength of community and civic soci-
ety, quality and reach of public services, institutional quality,
and the policy, governance, and political economy aspects
they are related to, have been shown to inﬂuence development
outcomes, although they are not usually measured in datasets
like the NFHS. Mayer (2001) constructs an index of state
institutional performance, including quality dimensions of
medical and educational service provision and access to the
public distribution system, and ﬁnds strong diﬀerences, with
Hindi belt states, including Uttar Pradesh, Bihar, Madhya
Pradesh, and Odisha at the bottom, and Kerala and Tamil
Nadu at the top. Furthermore, he shows that the institutional
performance index correlates well with the Human Develop-
ment and the Gender Development Indices. Besley, Burgess,
and Esteve-Volart (2007) and Besley and Burgess (2002) study
the links between poverty, growth, and policy in India over
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growth to diﬀer across states to reveal striking heterogeneity in
elasticities, ranging from 0.3 for Bihar to 1.23 for Kerala.
Thus, equivalent income growth rates can result in very diﬀer-
ent poverty impacts in states at two ends of this spectrum.
Relating these elasticity diﬀerences to voice and accountabil-
ity, they ﬁnd that states with higher newspaper circulation
and political competition spend more on calamity relief in
times of ﬂoods, and provide more public food distribution
when food production drops.
Harriss and Kohli (2009) consider the inﬂuence of
cross-state political and institutional factors on child under-
weight. They diﬀerentiate states on the basis of the extent to
which their politics allows for representation of poor and
low-caste segments, as well as their position on a scale with
“clientelist” politics of accommodation on the one end, and
“programmatic” politics on the other. Categories of states
are identiﬁed, with Madhya Pradesh and Odisha on one end,
and Kerala, Tamil Nadu, and West Bengal on the other (more
progressive) end, and this political spectrum is argued to have
an important bearing on underweight outcomes.
In sum, this literature suggests that there are many reasons to
believe that convergence in nutritional outcomes across Indian
states is not only about equalizing the commonly observed
nutrition correlates. Even if children in states at the two ends
of the spectrum were endowed with equal maternal education
and hospital access, the quality of those services may diﬀer sub-
stantially. Access to the public distribution system may diﬀer
due to state policy, and this may over time be reﬂected in dif-
ferent nutritional outcomes even where other observed corre-
lates were similar. These and other aspects are capable of
causing the strengths of relationships between observed corre-
lates and nutrition outcomes to be diﬀerent in contrasting
states. Thus our primary hypothesis is that “coeﬃcient eﬀects”
are important when comparing anthropometric outcomes
across Indian states. We are also interested in asking whether
coeﬃcient eﬀects become more or less important as we proceed
along the HAZ distribution, are they more important for the
more nutritionally vulnerable?3. DATA
We use decomposition methods to make cross-state compar-
isons based on cross-sectional (long-run) relationships between
a broad set of covariates and HAZ. NFHS-3 data, representa-
tive at national and state levels, are used. Investigating
cross-state heterogeneity in India using pairwise methods of
comparison, such as the decomposition methods we use, can
pose conceptual and practical diﬃculties due to the large num-
ber of possible comparisons. We take a case-study approach,
comparing a limited set of states with relatively poor HAZ out-
comes against the common benchmark of a state with relatively
good HAZ outcomes.
The set of chosen poor performers consists of Bihar, Uttar
Pradesh, Madhya Pradesh, Odisha and Gujarat. Under-ﬁve
stunting prevalence in these states ranges from 45% (Odisha)
to 57% (Uttar Pradesh). These ﬁve states alone account for
about half of India’s total number of stunted under-ﬁves.
These states, apart from Gujarat, are consistently at the bot-
tom of pile in the indices and metrics used in the literature
reviewed above on cross-state institutional and political diﬀer-
ences. Gujarat, on the other hand, is of interest since it is
viewed as an oddity presenting poor nutritional performance
while having a strong showing in terms of other socioeco-
nomic indicators.The benchmark state for comparison is Tamil Nadu, which
is a relatively good performer with a stunting prevalence of
31%. There are other good performers that could be used as
a basis for comparison, such as Kerala and Goa. However,
Tamil Nadu’s population is more comparable with that of
the large poor performers like Bihar, UP and Madhya
Pradesh. In contrast, in smaller sized states like Kerala and
Goa, governance challenges, among other aspects, may be dif-
ferent. Furthermore, Tamil Nadu is frequently singled out as a
good example in the literature on state-level heterogeneities in
policies, politics and institutions inﬂuencing development out-
comes, reviewed above. For example, Harriss and Kohli
(2009) note that Tamil Nadu’s political makeup has long been
characterized by mobilization of disadvantaged classes, lead-
ing to pioneering programmatic policies such as the Nutritious
Noon Meal Scheme and the Tamil Nadu Integrated Nutrition
Project (TINP). 3
HAZ for under-ﬁves is the outcome variable in all our regres-
sions. Accurate decomposition of HAZ diﬀerences into covari-
ate and coeﬃcient eﬀects requires well-speciﬁed regressions
that include key relevant covariates. Correspondingly, we
started with a wide set of covariates informed by the UNICEF
conceptual framework for child malnutrition and previous lit-
erature. Subsequently, we reﬁned our covariate set based upon
model ﬁt. The ﬁnal covariates used to model HAZ outcomes
are classiﬁed in our analysis as child characteristics, maternal
education and marriage age, mother’s nutrition, sanitation
and environment, demographics, non-agricultural assets, and
agricultural assets. 4 The speciﬁc variables are as follows:
(a) Child characteristics
Variables include gender, age, and age squared. Likewise,
child order is included since it has been found to matter in
explaining variations of child height in India (Borooah,
2005). Child weight at birth (along with an indicator for miss-
ing information on this variable) is also included given the evi-
dence that nutrition in the womb and following birth is
important for later nutritional outcomes (Binkin, Yip,
Fleshood, & Trowbridge, 1988).
(b) Maternal education and marriage age
Maternal education is measured by years of schooling. Age
at marriage is included as an element of maternal empower-
ment. Other proxies or indicators of empowerment, such as
having a ﬁnal say in consumption and purchasing decisions,
were tried but did not improve model ﬁt.
(c) Mother’s nutrition
To account for in utero nutritional inﬂuences on subsequent
nutrition, we use mother’s nutritional status (measured by
height-for-age) as well as an indicator for whether the mother
is anemic, following previous work by Osmani and Sen (2003).
(d) Mother’s employment
The NFHS dataset contains basic information on sectors in
which mothers are employed. We categorize this information
into a set of dummy variables indicating the nature of work
of the mother: agricultural, manual, or not working, as
opposed to professional, technical or managerial, clerical,
sales, or services, which were left as the default category.
The objective was to capture the inﬂuence of maternal employ-
ment on care practices and thereby child nutrition.
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The NFHS, as with all Demographic and Health Survey
(DHS) surveys, does not collect income or consumption infor-
mation. In accordance with previous studies, information on
household assets is thus used to proxy permanent income.
These comprise ownership of a set of durable household assets
and an indicator of electriﬁcation. 5
(f) Demographics
Household size and number of children under six are
included to account for intrahousehold resource availability
and allocation issues that have a bearing on nutrition.
(g) Sanitation and Environment
Following Spears (2013), we include two measures of open
defecation: an indicator variable at the household level if the
household does not have a toilet facility and defecate in the
open ﬁeld; and a measure of open defecation at the PSU level
(i.e., the village), measured as a fraction of the population
reporting open defecation without using a toilet or latrine.
As the propensity of a child to be in good health may be
impacted by the quality of the environment at home, we
include an indicator for whether the household uses clean
cooking fuel. Additional variables, such as dirty ﬂoors and
access to piped water were tried but discarded as they did
not improve model ﬁt.
(h) Agricultural assets
As discussed before, separate focus is trained on variables
relating to agricultural involvement, given the prevailing inter-
est in agriculture–nutrition relationships. A set of agricultural
assets is included that comprises agricultural land ownership,
the proportion of irrigated land, and the availability of
livestock in the forms of cows/bulls/buﬀaloes, goats, and chick-
ens. Given that the quantity and quality of food intake is cen-
tral to agriculture–nutrition relationships, it would have been
ideal to incorporate dietary measures into this analysis.
However, we do not use this information since it is collected
only for the youngest child in the household that is between
six months and two years old, and as such is inadequate for
the quantile regression-based analysis that requires large
samples.4. METHODS
The counterfactual decomposition methods we use partition
the observed diﬀerence between HAZ outcomes in a pair of
states being compared, say Tamil Nadu (TN) and Madhya
Pradesh (MP), into covariate (diﬀering endowments of
observed determinants of HAZ) and coeﬃcient (diﬀering
strengths of relationships between observed determinants
and HAZ) eﬀects. The ﬁrst of the decompositions employed
is the Oaxaca–Blinder (OB) decomposition of the diﬀerences
in mean HAZ across states. Continuing with the TN and
MP example, the underlying regression models in the two
states are represented by:
HAZi;TN ¼ Xi;TNbTN þ ei;TN
HAZi;MP ¼ Xi;MPbMP þ ei;MP
ð1Þ
Here, the dependent variable, HAZ, is regressed on a vector of
covariates, given byX. Individuals are indexed by i, b is the vec-tor of regression coeﬃcients, and ei,state represent random errors
with the standard properties. The (mean) regressions for each
state in (1) yield coeﬃcients denoted by bbTN and bbMP. This
allows, with some slight algebraic shuﬄing, the diﬀerence in
mean heights between the two state samples to be written as
HAZi;TNHAZi;MP ¼Xi;TNfbbTN bbMPgþfXi;TNXi ;MPgbbMP
ð2Þ
Eqn. (2) says that the diﬀerence in mean HAZ outcomes
between TN and MP, HAZi;TN HAZi;MP, can be decom-
posed into two parts. The ﬁrst part, Xi;TNfbbTN  bbMPg, is the
part of the HAZ mean diﬀerential arising from diﬀerences in
coeﬃcients between TN and MP (the “coeﬃcient eﬀect”).
The second part, fXi;TN  Xi;MPgbbMP is the HAZ diﬀerential
arising from diﬀerent endowments of nutrition covariates in
TN and MP (the “covariate eﬀect”). A positive (negative)
covariate eﬀect in this context would pinpoint the HAZ diﬀer-
ence arising from Tamil Nadu’s favorable (unfavorable)
endowment of that covariate relative to Madhya Pradesh.
Likewise a positive (negative) coeﬃcient eﬀect would identify
the HAZ diﬀerence caused by a stronger (weaker) association
in TN relative to MP between the covariate and HAZ.
The decomposition could also be written in a diﬀerent way,
HAZi;TNHAZi;MP ¼Xi;MPfbbTN bbMPgþfXi;TNXi;MPgbbTN
ð3Þ
These decompositions are equally valid, but can in practice
result in slightly diﬀerent estimates of covariate and coeﬃcient
eﬀects. Oaxaca (1973) refers to this issue as the “index number
problem”. To mitigate this problem, Jann (2008) and Elder,
Goddeeris, and Haider (2010) recommend using a pooled
model over both groups including a group-speciﬁc indicator
as an additional control variable. We follow their recommen-
dation and include a state-indicator in the linear model to pre-
vent excessive attribution of the HAZ diﬀerential to the
explained component. We also check these results against an
alternative method suggested by Reimers (1983) to use an
average coeﬃcient given by b  0:5bbTN þ 0:5bbMP.
A signiﬁcant assumption made here is that E(ei,statejXi) = 0,
i.e., the error term is conditionally independent of X. This
“zero conditional mean” assumption rules out correlation
between unobserved heterogeneity and any of the covariates.
Thus, if there are unobservables (like “nutrition conscious-
ness”) that are related to both, a covariate (such as maternal
nutrition), and child HAZ outcome, then the zero conditional
mean assumption fails and the regression yields inconsistent
estimates of the covariate’s structural parameter. The detailed
OB decompositions rely on this assumption.
The OB decomposition described above only decomposes
mean HAZ diﬀerences between states. We are additionally
interested in gaining perspective on covariate and coeﬃcient
eﬀects in gaps between entire HAZ distributions. Figure 1
shows the empirical HAZ distributions for Tamil Nadu
(long-dashed lines) and each comparator state in turn (solid
lines). In each case, the Tamil Nadu distribution lies every-
where to the right of the distribution of the state it is being
compared with, indicating the generally more favorable distri-
bution of HAZ in Tamil Nadu. However, the gap between dis-
tributions tends to be higher at lower percentiles compared to
the middle, indicating that the HAZ distribution is relatively
more unfavorable in the other states compared to Tamil Nadu
particularly at the lower tail. Percentile values of HAZ pre-
sented in Appendix Table 4 conﬁrm this. The gap between
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Figure 1. Simulated marginal and counterfactual densities.
220 WORLD DEVELOPMENTvery substantial - between 1 and 1.5 standard deviations. This
narrows somewhat towards the median, but still remains quite
large. It is this observed pattern of diﬀerences between, for
instance, Madhya Pradesh’s and Tamil Nadu’s HAZ distribu-
tions that we seek to explain using quantile regression decom-
position methods.
The Machado and Mata (2005) counterfactual decomposi-
tion that we use provides relative contributions of covariates
and coeﬃcients along the entire HAZ distribution, rather than
just mean HAZ. It does so by using quantile regressions to
characterize the distribution of HAZ conditional on covari-
ates, and combining estimated quantile regression coeﬃcients
in one state with randomly drawn values of covariates from
another state to estimate counterfactual distributions. We
provide an intuitive discussion below.
Denote the marginal density function of HAZ by F(HAZ),
and the distribution of HAZ covariates X by G(X). Given






Assuming the conditional quantiles of HAZ given X = x are
linear in x, the conditional distribution of HAZ, F(HAZ|X), is
completely described by the set of quantile regression coeﬃ-
cients [b(h), 0 < h < 1]. These quantile regression coeﬃcients











ð1 hÞjHAZi  x0ibhjbbðhÞ is estimated separately for each quantile, h. One can
then simulate a draw from the marginal distribution F(HAZ)
implied by the conditional quantile model by (i) randomly
drawing h from [0,1] and estimating the corresponding bbðhÞ
(ii) drawing a random value of X from the empirical distribu-
tion, and (iii) multiplying the estimated coeﬃcients with the
draw from X to compute a simulated draw from F(HAZ).
Repeating this several times simulates F(HAZ) as X is “inte-
grated out”. Of course, the observed sample of HAZ already
provides a “simulation” of F(HAZ). However the empirical
density would not necessarily be consistent with the condi-
tional quantile distribution and would not allow us to under-
take counterfactual analysis (Machado & Mata, 2005). For
example, suppose we wish to simulate the counterfactual den-
sity of height-for-age in Madhya Pradesh, HAZTN,MP, under
the counterfactual scenario where the HAZ covariates are dis-
tributed as in Tamil Nadu, but the coeﬃcients are those of




To simulate a draw from this counterfactual marginal den-
sity: (i) draw a random h from [0,1] and estimate the corre-
sponding quantile regression coeﬃcients bbMPðhÞ (ii) Take a
random draw for X from the TN sample, (iii) Multiply the
two to simulate a value from the distribution of HAZTN,MP.
Repeating this several times simulates F(HAZTN,MP).
With these simulated counterfactual densities in hand, we
can identify, at every quantile, which portion of the original
HAZ diﬀerence between the state-speciﬁc marginal densities,
i.e., F(HAZMP,MP)  F(HAZTN,TN), is due to diﬀerences in
HAZ covariate distributions in TN and MP, and which
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with HAZ (coeﬃcients) of those covariate sets.
Formally, similarly to the case of the mean decomposition 6:
qðXMP; bbMPðhÞ; hÞ  qðXTN; bbTNðhÞ; hÞ
¼ ½qðXMP; bbMPðhÞ; hÞ  qðXTN; bbMPðhÞ; hÞ
þ ½qðXTN; bbMPðhÞ; hÞ  qðXTN; bbTNðhÞ; hÞ þ error ð4Þ
In (4), q(.) represents a quantile function. The ﬁrst
square-bracketed expression on the right hand side of (4) above
is the covariate eﬀect and the second is the coeﬃcient eﬀect.
At this stage, it is important to point out a key assumption
underlying the QR-CD approach outlined above. In common
with other such decomposition methods in this literature,
ignorability, (or unconfoundedness) is assumed. The ignorabil-
ity assumption states that unobservables are independent of
the treatment, conditional on observed covariates. We can
again use HAZ distributions in TN versus MP to help moti-
vate the meaning and implication of this important assump-
tion. For example, “nutrition consciousness” may be one
important unobservable at the household level in our data.
Ignorability would imply that once covariates in our speciﬁca-
tion, such as mother’s education, are controlled for, the distri-
bution of nutrition consciousness is not systematically related
to the state under consideration. In other words, selection
biases can exist as long as they are the same in the two states
after controlling for covariates. This assumption enables the
identiﬁcation of the covariate eﬀect and ensures that associa-
tion of covariates with HAZ across the states is not con-
founded by the impact of varying distributions of nutrition
consciousness. Fortin, Lemieux, and Firpo (2011) discuss
some important ways in which ignorability may be violated.
Some sources of violation such as self-selection into treatment
(states) are probably less important in this cross-state compar-
ison setting. However, covariates such as maternal education
and unobservables such as nutrition consciousness may be
functions of the state under consideration, causing nutrition
consciousness to vary systematically by state even after con-
trolling for maternal education and other covariates. Ignora-
bility is used as an assumption across the decomposition
literature. We maintain ignorability as an assumption, but
acknowledge that it is a strong one.
In this study, quantile regression coeﬃcients are estimated at
a random sample of 2000 quantile points to form the condi-
tional density of HAZ scores. This gives approximately 20 pre-
dicted values per quantile. They are then combined with a
random set of covariates from a diﬀerent state to form the
counterfactual density. Model selection aimed to reduce the
diﬀerence between the estimated HAZ marginal density and
the HAZ empirical density in Tamil Nadu, and hence to limit
the contribution of the error term in the decomposition. Vari-
ables that reduced the ﬁt of the benchmark model were there-
fore excluded. For the Machado–Mata distribution-wide
decomposition, we only identify aggregate covariate versus
coeﬃcient contributions, and not the contributions attached
to individual variables.
It must also be noted that we do not aim to identify causal
eﬀects in this research. We are interested in the range of HAZ
covariates, unlike the case of studies investigating the causal
impact of a single focal variable that employ instrumental
variables or other causal identiﬁcation procedures. Our objec-
tive is to decompose cross-state HAZ diﬀerentials into covari-
ate and coeﬃcient eﬀects. Thus, although our estimates are
consistent with a causal model, we take care to interpret someof the regression coeﬃcients estimated here as only associa-
tions. This is consistent with the vast majority of decomposi-
tion studies in the wage discrimination, nutrition, and other
literatures.5. RESULTS
Since we compare ﬁve diﬀerent states with the benchmark of
Tamil Nadu, each step in our analysis generates a large
amount of information. To prevent this from becoming
overwhelming, we present only selected information in the
main body of the paper. Further details are presented in the
Appendix.
Table 1 presents sample means for variables in the regres-
sions by state, and also indicates statistically signiﬁcant diﬀer-
ences between group means in each comparison state and
Tamil Nadu. It shows that mean HAZ is much higher in the
TN sample than in each of the comparison states and that dif-
ferences in HAZ group means between each state and TN are
highly statistically signiﬁcant. HAZ of the average 0–5 year
old in TN is 1.2 standard deviations below the median of
the reference population. Mean HAZ of all comparison states
except Odisha are below the stunting threshold of 2.
Table 1 also shows that there are substantial diﬀerences
between TN and comparison states in terms of many key
covariates. Prominent among these is mother’s education,
given the evidence on the importance of this aspect to child
nutrition in South Asia (Srinivasan et al. 2013). Average
schooling of TN mothers is about six years, in comparison to
2–4 years of education on average in the other states. House-
hold sizes are signiﬁcantly smaller in TN than in the other
states, and mothers are less likely to be anemic. With the excep-
tion of Gujarat, TN households on average also have better
endowments of assets (interpreted here as measures of perma-
nent income) such as electriﬁcation, televisions and motorcy-
cles, and a greater availability of clean cooking fuel. On the
other hand, open defecation rates are not substantially diﬀerent
across states apart from a couple of exceptions, suggesting that
this covariate is unlikely to have the same pre-eminent role in
explaining cross-state HAZ diﬀerentials that it does in the
cross-country comparison of Spears (2013). When it comes to
agricultural assets, TN actually has generally worse endow-
ments than the comparators. Only 33% of rural households
in the TN sample report owning land, which is substantially
lower than land ownership in the other states. The high degree
of landlessness in Tamil Nadu relative to most Indian states,
especially those that have instituted land reform, is well recog-
nized (Rawal, 2008). Ruminant livestock ownership is likewise
lower in TN. In summary, group means indicate TN has a sig-
niﬁcantly more favorable endowment of key nutrition covari-
ates, albeit a worse endowment of agricultural assets. 7
Appendix Table 5 displays results from the separate OLS
regressions for each state that are precursors to the Oaxaca–
Blinder mean decompositions. Although several variables
show mixed patterns of statistical signiﬁcance across the
states, the direction of association of most covariates with
HAZ is broadly as expected. Child birth weight and age,
and education and nutritional status of the mother display
particularly consistent and statistically signiﬁcant associations
with HAZ across states. The child’s weight at birth is seen to
have a strong positive correlation with current HAZ.
However, increasing age is found to impact HAZ negatively,
indicating the growth faltering that occurs as infant’s age.
The coeﬃcient on the quadratic age term indicates that
Table 1. Sample means
TN Bihar MP Gujarat Odisha UP
Child HAZ 1.20 2.19*** 2.06*** 2.14*** 1.81*** 2.24***
Child characteristics
Age 30.76 29.51 30.57 29.44 29.62 29.22**
Age2 1233.3 1170.26 1237.11 1167.34 1177.63 1140.8**
Birth order 1.26 1.36*** 1.38*** 1.36*** 1.28 1.38***
Female 0.48 0.46 0.50* 0.47 0.50 0.48
Weight at birth 2.82 2.65*** 2.74 2.87 2.84 2.81
Education & marriage age
Mother’s schooling (yrs) 6.17 1.99*** 2.41*** 3.82*** 3.54*** 2.45***
Age at 1st marriage 18.75 15.85*** 16.21*** 17.25*** 17.59*** 16.33***
Mother’s nutrition
Mother’s HAZ 1.96 2.30** 1.91 1.90 2.19*** 2.22***
Mother anemic 0.15 0.19** 0.19* 0.21*** 0.19* 0.18
Assets
Has electricity 0.88 0.17*** 0.65*** 0.82** 0.40*** 0.31***
Has television 0.45 0.13*** 0.23*** 0.34*** 0.24*** 0.27s**
Has refrigerator 0.03 0.03 0.04 0.11*** 0.04 0.02
Has motorcycle/scooter 0.18 0.06*** 0.11*** 0.19 0.09*** 0.12***
Has car 0.01 0.01 0.00 0.01 0.00 0.01
Sanitation and environment
Clean fuel (household) 0.14 0.02*** 0.03*** 0.14 0.02*** 0.03***
Open defecation (household) 0.83 0.84 0.91*** 0.75*** 0.88*** 0.83
Open defecation (village) 0.83 0.83 0.90*** 0.72*** 0.88*** 0.83
Agricultural assets
Owns agricultural land (household) 0.33 0.55*** 0.65*** 0.58*** 0.67*** 0.72***
Proportion irrigated land 20.63 48.95*** 27.23*** 35.57*** 16.79*** 68.63***
Has cows/bulls/buﬀalo 0.22 0.52*** 0.66*** 0.52*** 0.57*** 0.69***
Has goats 0.10 0.37*** 0.20*** 0.17*** 0.19*** 0.28***
Has chickens 0.18 0.15 0.11*** 0.10*** 0.29*** 0.07***
Mother’s employment
Mother not working 0.59 0.63** 0.37*** 0.45*** 0.65*** 0.66***
Mother manual laborer 0.09 0.02*** 0.17*** 0.08 0.05*** 0.04***
Mother in agriculture 0.27 0.32** 0.44*** 0.43*** 0.26 0.29
Demographics
Kids less than age six (proportion) 0.28 0.25*** 0.26*** 0.26*** 0.25*** 0.25***
Household size 4.73 6.99*** 6.61*** 6.47*** 5.74*** 7.43***
Results of tests of diﬀerences between each comparison state and TN are indicated in asterisks. For continuous variables, these are based on t-tests of
group mean diﬀerences, and for dummy variables, these are based on tests of diﬀerences in proportions across groups. *, ** and *** represent p < 10%,
5% and 1%, respectively.
222 WORLD DEVELOPMENTfaltering levels oﬀ for older children. In several states, mother’s
schooling is found to be positively and signiﬁcantly associated
with HAZ. Likewise, mother’s nutrition is an important corre-
late of child HAZ in these data - the coeﬃcients on mother’s
current HAZ are large, positive and statistically signiﬁcant
in each of the states, while currently anemic mothers are
strongly associated with lower HAZ in children in three of
the six states.
Other variables display less strong and consistent associa-
tions with HAZ. 8 Open defecation has a negative association
with HAZ as expected, but the eﬀect is statistically signiﬁcant
only in TN and Gujarat. Likewise, the fraction of the village
reporting open defecation has a generally negative relationship
with HAZ, but the variable is statistically insigniﬁcant in most
states. Of the non-agricultural assets, home electriﬁcation
shows the most consistent correlation with HAZ - households
with electricity in UP, Gujarat and Odisha are associated with
a higher HAZ of between 0.2 and 0.3 than households without
electricity, after controlling for other correlates. Very little asso-
ciation is found between employment categories of the mother
and height for age of children in any of the states under study.Among the agricultural assets, agricultural land ownership is
the one category presenting relatively large and largely consis-
tent relationships with HAZ across states. The relationship is
statistically signiﬁcant in Bihar and UP; in ﬁve of the six states,
children in land-owning households are associated with higher
HAZof approximately 0.2 compared to landless households. In
the absence of clear causal identiﬁcation and further informa-
tion about the use of the owned land, it is diﬃcult to speculate
about the pathway deﬁning this association, however.
The parameters presented in Table 5 suggest substantial
heterogeneity in coeﬃcients across states. In Table 6 we report
the results from testing the hypotheses that vectors of regres-
sion coeﬃcients are the same in TN and each of the compar-
ison states. In each case, the null hypothesis of equal
coeﬃcients is resoundingly rejected, suggesting that the Oax-
aca–Blinder approach, involving separate regressions for dif-
ferent states, is valid.
Table 2 below summarizes results from the Oaxaca–Blinder
decompositions. Given that we have several pairwise
comparisons and a multitude of states, the table presents
results at the level of the aggregate covariate categories
Table 2. Oaxaca–Blinder decomposition of mean HAZ gap between Tamil Nadu and Other States
Covariate eﬀect Coeﬃcient eﬀect
Estimate Std. Error Share (%) Estimate Std. Error Share (%)
A. Oaxaca–Blinder decomposition of 0.986 HAZ gap between Tamil Nadu and Bihar
Aggregate eﬀect 0.032 0.127 3 0.953*** 0.146 97
Sanitation & environment 0.0001 0.018 0 0.74* 0.416 75
Child characteristics 0.077 0.095 8 0.60 0.652 61
Maternal nutrition 0.099*** 0.018 10 0.20 0.163 20
Education & marriage age 0.056* 0.056 6 0.35 0.473 36
Mother’s employment 0.011 0.014 1 0.34 0.355 35
Assets (non agricultural) 0.010 0.072 1 0.22 0.169 23
Agricultural assets 0.048 0.032 5 0.05 0.083 5
Demographics 0.017 0.030 2 0.11 0.321 11
Constant 1.19 1.056 120
B. Oaxaca–Blinder decomposition of 0.853 HAZ gap between Tamil Nadu and Madhya Pradesh
Aggregate eﬀect 0.091 0.096 11 0.762*** 0.000 89
Sanitation & environment 0.032 0.022 4 0.954** 0.022 112
Child characteristics 0.030 0.073 3 0.025 0.965 3
Maternal nutrition 0.005 0.014 1 0.299** 0.057 35
Education & marriage age 0.051 0.044 6 0.06 0.902 7
Mother’s employment 0.007 0.019 1 0.472 0.159 55
Assets (non agricultural) 0.012 0.026 1 0.271 0.192 32
Agricultural assets 0.045 0.044 5 0.082 0.364 10
Demographics 0.023 0.031 3 0.158 0.643 19
Constant 1.95** 0.050 229
C. Oaxaca–Blinder decomposition of 1.041 HAZ gap between Tamil Nadu and Uttar Pradesh
Aggregate eﬀect 0.156 0.102 15 0.884*** 0.123 85
Sanitation & environment 0.008 0.012 1 0.885*** 0.322 85
Child characteristics 0.050 0.084 5 1.27** 0.521 122
Maternal nutrition 0.079*** 0.014 8 0.206 0.143 20
Education & marriage age 0.0837*** 0.031 8 0.038 0.444 4
Mother’s employment 0.006 0.009 1 0.158 0.303 15
Assets (non agricultural) 0.127*** 0.034 12 0.404*** 0.197 39
Agricultural assets 0.096*** 0.036 9 0.011 0.078 1
Demographics 0.011 0.022 1 0.068 0.302 7
Constant 0.519 0.892 50
D. Oaxaca–Blinder decomposition of 0.941 HAZ gap between Tamil Nadu and Gujarat
Aggregate eﬀect 0.058 0.081 6 0.999*** 0.111 106
Sanitation & environment 0.066*** 0.023 7 0.494 0.340 53
Child characteristics 0.012 0.047 1 0.312 0.505 33
Maternal nutrition 0.011 0.015 1 0.222 0.164 24
Education & marriage age 0.006 0.032 1 0.677 0.511 72
Mother’s employment 0.008 0.016 1 0.022 0.302 2
Assets (non agricultural) 0.024 0.019 3 0.474** 0.237 50
Agricultural assets 0.0002 0.035 0 0.041 0.097 4
Demographics 0.054* 0.029 6 0.243 0.339 26
Constant 1.80* 0.949 192
E. Oaxaca–Blinder decomposition of 0.603 HAZ gap between Tamil Nadu and Odisha
Aggregate eﬀect 0.226*** 0.076 38 0.376*** 0.105 62
Sanitation & environment 0.040* 0.021 7 0.156 0.410 26
Child characteristics 0.027 0.046 5 0.204 0.496 34
Maternal nutrition 0.068*** 0.016 11 0.226 0.166 38
Education & marriage age 0.051* 0.027 9 0.834* 0.464 138
Mother’s employment 0.002 0.007 0 0.097 0.321 16
Assets (non agricultural) 0.078* 0.045 13 0.327* 0.192 54
Agricultural assets 0.021 0.033 4 0.076 0.093 13
Demographics 0.018 0.021 3 0.162 0.342 27
Constant 1.447 0.940 240
* p < 10%.
** p < 5%.
*** p < 1%.
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224 WORLD DEVELOPMENTdescribed in the previous section. Detailed results for individ-
ual variables are shown in Appendix Tables 7–11.
A surprising revelation in Table 2 is that, in aggregate, coef-
ﬁcient eﬀects are very dominant, and covariate diﬀerences
explain relatively little of the mean gap between Tamil Nadu
and each of the states it is being compared to, with the excep-
tion of Odisha. Aggregate covariate eﬀects account for only
between 3% and 15% of the gap with Tamil Nadu in the cases
of Bihar, MP, and UP. In Bihar, for example, these results
imply that Tamil Nadu’s relatively advantageous endowments
of mother’s education and empowerment, household eco-
nomic status, etc. only account for 3% of the HAZ gap
between the two states, holding nutrition impacts of these
covariates constant across the states. The covariate eﬀect in
the Gujarat–Tamil Nadu comparison is actually negative,
indicating that Gujarat has a more favorable endowment of
nutrition covariates overall than Tamil Nadu, and that the
HAZ mean gap between these states is wholly due to coeﬃ-
cient eﬀects. Only the comparison with Odisha presents a size-
able covariate eﬀect at 38%. 9
However, the small aggregate covariate eﬀects do not imply
that individual categories of covariates have insubstantial
eﬀects. As seen in Table 3, TN’s superior endowments of
maternal nutrition, education, and empowerment together
help explain between 16% and 20% of the HAZ gap with
Bihar, MP, UP, and Odisha. Detailed results presented in
Appendix Tables 7–11 show that the maternal nutrition
covariate eﬀect is largely determined by gaps in mother’s
HAZ (rather than anemic status). In the case of education &Table 3. Quantile Regression-based decomp
Empirical gap Simulated gap Coeﬃcient eﬀ
HAZ
Bihar
10 1.035 0.986 0.646
25 0.940 0.862 0.568
50 0.940 0.863 0.560
75 0.900 0.702 0.574
90 0.960 0.929 0.801
Madhya Pradesh
10 1.140 1.074 0.878
25 0.870 0.815 0.687
50 0.755 0.739 0.572
75 0.735 0.635 0.411
90 0.720 0.671 0.484
Gujarat
10 0.995 0.963 1.086
25 0.840 0.719 0.711
50 0.875 0.693 0.653
75 0.805 0.700 0.610
90 1.095 0.989 0.951
Odisha
10 0.470 0.500 0.049
25 0.530 0.461 0.047
50 0.570 0.578 0.129
75 0.665 0.622 0.223
90 0.705 0.785 0.607
Uttar Pradesh
10 1.230 1.276 1.070
25 1.090 1.054 0.784
50 1.010 1.001 0.741
75 0.920 0.879 0.624
90 0.955 0.966 0.844marriage age, both aspects (mother’s schooling as well as
age at ﬁrst marriage) are important. The maternal nutrition,
education and marriage age covariates eﬀects are, however,
counteracted by TN’s inferior endowments of agricultural
assets in the determination of the overall coeﬃcient eﬀect.
UP’s superior distribution of agricultural assets, for example,
serves to shrink the gap with TN by about 9%. As seen in
Appendix Tables 7–11, relatively low agricultural land owner-
ship in TN is the main contributor to this.
The substantial aggregate coeﬃcient eﬀects comprise amix of
oﬀsetting positive and negative coeﬃcient eﬀects for individual
sets of variables. For example, the strength of the association
between maternal and child nutrition is higher in TN compared
to the other states, and this diﬀerential strength contributes
0.2–0.3 HAZ diﬀerential to the child HAZ comparisons. How-
ever, TN also has a weaker relationship between improved
sanitation and environment and child HAZ outcomes than other
states, and this serves to narrow the HAZ gap between TN and
the others. The eﬀect of the intercept term is positive, large and
dominant, indicating that unobservable diﬀerences, neither
captured in levels of typically modeled nutrition determinants
nor in the magnitudes of their nutrition impact, are particularly
important in cross-state nutritional heterogeneity. 10
Appendix Tables 12–17 reports results from the quantile
regressions estimated in each of the states. A comparison of
the QR results with the mean regression results discussed pre-
viously underlines the importance of allowing for diﬀerential
eﬀects across the HAZ distribution. We highlight a few exam-
ples. The mean regression indicated mother’s education to haveosition: Tamil Nadu versus other states
ect Covariate eﬀect Residual
as% HAZ as% HAZ as%
62.4 0.340 32.8 0.049 4.7
60.4 0.294 31.2 0.078 8.3
59.6 0.303 32.2 0.077 8.1
63.8 0.128 14.2 0.198 21.9
83.4 0.128 13.3 0.031 3.2
77.0 0.195 17.1 0.066 5.8
79.0 0.127 14.6 0.055 6.3
75.6 0.168 22.2 0.016 2.0
55.8 0.224 30.5 0.100 13.6
67.2 0.186 25.8 0.049 6.8
109.1 0.123 12.3 0.032 3.1
84.6 0.009 1.0 0.121 14.3
74.5 0.040 4.6 0.182 20.8
75.7 0.090 11.1 0.105 13.0
86.8 0.037 3.4 0.106 9.7
10.5 0.550 116.9 0.030 6.4
8.8 0.508 95.8 0.069 13.0
22.5 0.449 78.7 0.008 1.3
33.4 0.399 59.9 0.043 6.5
86.1 0.177 25.1 0.080 11.3
86.9 0.206 16.7 0.046 3.7
71.9 0.270 24.7 0.036 3.2
73.3 0.260 25.7 0.009 0.9
67.8 0.254 27.6 0.041 4.4
88.4 0.122 12.7 0.011 1.1
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HAZ in Bihar, MP, UP and Odisha. The QR results show that
in each of these states, the eﬀect is actually particularly large in
the bottom half of the conditional HAZ distribution, and that
the association wears oﬀ towards the upper tail. Thus for exam-
ple, the mean regression shows that every additional year of
mother’s education in Odisha is associated with a 0.05
improvement in mean child HAZ, while the QR results show
that the improvement at the 10th conditional percentile of
HAZ is 0.09, tapering away towards a 0.05 eﬀect at the median
and becoming statistically insigniﬁcant at the upper tail. This is
masked in the OLS eﬀect size. Similarly, in Gujarat, the mean
regression suggests a strong relationship between open defeca-
tion andHAZ, with open defecation being associated with a 0.3
reduction in HAZ compared to using toilets, ceteris paribus.
The QR regression shows that this eﬀect is three times stronger
at the 10th conditional percentile, indicating an almost 1 stan-
dard deviation diﬀerence associated with open defecation com-
pared to toilet use in Gujarat. In the mean regression results,
household agricultural land ownership was seen to have a sta-
tistically insigniﬁcant relationship with HAZ in Tamil Nadu. In
contrast, the QR results show a very strong and statistically sig-
niﬁcant association between agricultural land ownership and
HAZ outcomes at the bottom tail of the HAZ distribution in
TN. At the 10th and 25th conditional percentiles, agricultural
land ownership in Tamil Nadu is associated with an approxi-
mately 0.6-improvement in HAZ. However, this association
wears oﬀ at the center and the upper half of the conditional dis-
tribution.
Table 3 summarizes the results from applying the Machado–
Mata quantile regression-based decomposition as described
previously. The ﬁrst column shows the state and HAZ quantile
at which the decomposition is being undertaken. Column 2 dis-
plays the actual (empirical) HAZ gap between TN and a partic-
ular state at a particular quantile. In all states except Odisha,
the gap compared to TN is highest at the 10th percentile, indi-
cating that these states come oﬀ particularly poorly in compar-
ison to TN in terms of extreme malnutrition. As described
previously, the decomposition methodology uses the quantile
regression estimates to simulate actual and counterfactual dis-
tributions, on the basis of which the decomposition is carried
out. Column 3 shows the simulated HAZ gap, which can be
compared to the empirical gap in column 2 to assess model
ﬁt, which is crucial to the accuracy of the decomposition
results. The diﬀerence between the empirical and simulated
gaps is reported in the last two columns (in z-score and % share
of gap), and shows the residual to be relatively small (apart
from a few exceptions) and in the range found in other decom-
position exercises in the literature (e.g., O’Donnell et al., 2009).
Thus the chosen set of variables model the HAZ distributions
accurately, and provide a reasonable basis for decomposition.
The middle columns in Table 3 show the aggregate covariate
and coeﬃcient contributions at selected quantiles. Figure 1
provides a graphical depiction of covariate and coeﬃcient con-
tributions along the entire HAZ distribution. It shows the sim-
ulated marginal density (long-dashed and solid lines) and the
simulated counterfactual density of HAZ (short-dashed lines)
by state. The counterfactual distributions represent the HAZ
distributions of each state under the counterfactual that all
covariates were distributed as in Tamil Nadu, but their associ-
ations with height-for-age (coeﬃcients) remained those
pertaining to the state under consideration.
The ﬁrst broad feature that is evident from the decomposi-
tion results presented in Table 3 and Figure 1 is that the
covariate eﬀect contributions are typically larger than was
found with the mean decomposition discussed previously.For example, in Bihar, the aggregate covariate contribution
in the mean decomposition was only 3%, while the
Machado–Mata decomposition estimates covariate contribu-
tion in excess of 30% in the bottom half of the HAZ distribu-
tion, diminishing to about 15% in the upper half. In Odisha,
the mean decomposition ﬁnds the covariate contribution to
be 38%, while the distribution-wide decomposition suggests
that covariates explain almost all the HAZ gap with Tamil
Nadu in the lower half of the distribution. The second broad
feature apparent is that even though the quantile
regression-based decomposition indicates a larger contribu-
tion for covariates, coeﬃcient eﬀects still generally dominate
covariate eﬀects (with the exception of the Odisha-TN com-
parison). 11 Coeﬃcient eﬀects explain about 60–80% of the
gap compared to TN in the Bihar case, about 55–80% of the
gap in the MP case, 75–110% of the gap in the Gujarat case,
and approximately 67–88% in the UP case. 12
As for variation of relative covariate and coeﬃcient contri-
butions across the distributions, the ﬁve comparison cases do
not present a homogeneous picture. In the case of the Bihar–
TN comparison, covariate contributions are relatively strong
at the bottom of the distribution, indicating that a movement
toward equalizing covariate endowments would narrow the
HAZ gap by about a third. This eﬀect wears oﬀ at the top half
of the distribution. Also, in Odisha, almost the entirety of the
HAZ gap with TN in the lower tail of the distribution is
explained by diﬀerential endowments of nutrition determi-
nants. In Madhya Pradesh, the pattern is in reverse, and the
covariate contribution strengthens toward the top half of the
distribution. Gujarat remains an oddity, presenting a substan-
tial HAZ gap compared to TN despite being possessed of
superior endowments of nutrition covariates in many
respects—the covariate eﬀect in the Gujarat–TN comparison
remains small throughout the distribution.6. DISCUSSION AND CONCLUSION
This paper has attempted to improve understanding of the
drivers of the signiﬁcant cross-state heterogeneity observed
in the height of Indian children. Several Indian states have
populations the size of large countries—e.g., Uttar Pradesh
alone has a population size comparable to Brazil’s. The sub-
stantial variation in culture, attitudes, and diets across Indian
regions and states is well recognized. As reviewed in this arti-
cle, there is also considerable cross-state variation in institu-
tions, social capital levels, and political makeup. Sectors key
to nutrition, such as agriculture and health, are state-level pol-
icymaking concerns in India. All these factors suggest that
there may be value in empirical research that trains focus on
these cross-state heterogeneities and considers their implica-
tions for nutrition.
The literature modeling child nutrition outcomes in India has
expanded signiﬁcantly in recent years and has enabled better
understanding of the important drivers of these outcomes.
However, much of this literature either (i) focuses on modeling
individual outcomes across the country, typically treating
cross-state heterogeneities as “intercept-shifters” - state-ﬁxed
eﬀects that need to be controlled for, or (ii) conducts analysis
using state-level averages of nutrition determinants and out-
comes. In contrast, we have focused explicitly on cross-state
comparisons while maintaining the variation inherent in
individual-level data. While child nutrition in India as a whole
has become a major item on the development research agenda,
special focus arguably needs to be trained on a set of large
poorly performing states that account for a substantial propor-
226 WORLD DEVELOPMENTtion of the nutritional underperformance of the nation as a
whole. Tamil Nadu on the other hand, is a large-sized relative
good performer whose stunting prevalence is comparable to
those of middle-income countries such as the Philippines, Syr-
ia, or Egypt. Is Tamil Nadu’s superior nutritional performance
down to better provisioning of fundamental endowments such
as wealth and women’s education, or is there more to it?
Our results using mean regression-based decompositions
and distribution-wide decompositions based on quantile
regressions (which are less restrictive and thus preferred) indi-
cate that relatively modest proportions of the observed diﬀer-
ences have to do with varying covariate endowments.
Cross-state disparities in HAZ are explained in large propor-
tion by diﬀerential associations between covariate endow-
ments and nutrition, as captured in “coeﬃcient eﬀects”. As
noted previously, our empirical strategy involved starting with
a wide set of covariates drawn from the literature, with the
ﬁnal set decided based on model ﬁt. 13 Thus, the chances of
our results being an artifact of inadequate covariate coverage
are low, at least given the constraints imposed by the types of
information available in NFHS and similar DHS datasets.
Clearly, Tamil Nadu’s performance appears special relative
to the comparators.
While “coeﬃcient eﬀects” in such comparisons lump several
potential eﬀects together and are not informative about speci-
ﬁc factors or actions, it is likely in this setting that
nutrition-relevant policies and programs play an important
role. For example, O’Donnell, Nicola´s, and Van Doorslaer
(2009) in their decomposition study of the dramatic improve-
ment in Vietnam’s HAZ distribution in the 1990s ﬁnd covari-
ate and coeﬃcient eﬀects to be equally important, and
emphasize the consistency of the strong coeﬃcient eﬀects with
health, food, and nutrition policies introduced in the period.
Elements of these programs can inﬂuence both the slope coef-
ﬁcients (e.g., growth monitoring can arrest growth faltering
reﬂected in the strength of the relationship between child age
and HAZ), as well as the intercept, improving height indepen-
dently of speciﬁc variables.
Tamil Nadu’s record of superior policymaking in this arena
is likely to be important in our cross-state comparison,
although we can only speculate about this. From the early
80s until the late 90s, the Tamil Nadu Integrated Nutrition
Program (TINP) delivered a set of interventions centered on
nutrition education, growth monitoring, primary health care,
and food supplementation on a state-wide scale. The TINP
has been widely praised and was able to reach under-3s much
more eﬀectively than the ICDS program that was rolled out in
the rest of the country in this period (Heaver, 2002). Although
the TINP merged with the ICDS in the late 1990s, some of its
unique features continued in the same form in Tamil Nadu.
For example, Tamil Nadu retained its existing model of
“two-workers” per ICDS center model of program delivery,
wherein one staﬀ member focused on service provision for
under-3s, while the other focused on older children. In con-
trast, other states operated a “one-worker” model wherein a
single worker in every ICDS center had responsibility for the
entire age-range. These features, and the experience gained
under the TINP model could well have had a bearing on nutri-
tion outcomes during the NFHS-3 data collection in 2005.
The public distribution system (PDS) is another policy case in
point. In 1997, the PDS system that was characterized by uni-
versal coverage around the country until then was converted
into a targeted system based on a poverty measure in order to
reduce the food subsidy burden. Tamil Nadu was the exception
that continued with universal coverage. Swaminathan (2008)
shows that targeted PDS has led to high rates of exclusionamong the needy. In 2005, more than 70% of oﬃcially poor
households in Bihar and Uttar Pradesh were excluded from
the PDS, while in contrast in Tamil Nadu only a very small per-
centage did not have access. Agricultural laborers are possibly
the group most in need of food subsidies, but nationwide more
than 50% did not have access to the PDS, while in Tamil Nadu
the percentage was negligible. Swaminathan (2008) also notes
Tamil Nadu’s pioneering role in the Noon Meal Scheme and
its good record relative to other states in implementation, and
sums up by noting “It is not our intention to attribute the entire
improvement in nutritional status of children in Tamil Nadu to the
State’s food and nutrition policies but they must clearly be given
their due in any explanation”. This chimes with our interpreta-
tion of our large coeﬃcient eﬀects estimates, and suggests that
policy reforms in other states that learn from Tamil Nadu’s
documented past successes have the potential to produce signif-
icant improvements in anthropometric outcomes. In this
regard, the proposed expansion of the PDS to cover a larger
pool of beneﬁciaries nationwide under the Food Security Bill
of 2013 appears promising, although major issues about leak-
ages and wastages still remain. 14 ICDS programs in many
states may also have important lessons to learn from the TINP
experience. For example, the failure of ICDS to eﬀectively
reach under-3s due to the nature of services oﬀered and the
focus on center-based activities has been recognized before
(Gragnolati, Bredenkamp, Gupta, Lee, & Shekar, 2006), and
contrasted with the success of TINP in reaching this critically
important group (Heaver, 2002). Contrast has also been drawn
between the problem with leakage of take-home food supple-
ments in the ICDS programs of states such as Madhya Pradesh
due to household sharing, and the TINP’s eﬀective approach of
requiring food supplements to be consumed on premises
(Gragnolati et al., 2006). Ultimately, many cross-state varia-
tions in nutrition sensitivity of policies might be traceable to
the political makeup of each state as described by Harriss and
Kohli (2009) and reviewed previously. These governance issues
deserve further study.
Of the states being compared to Tamil Nadu in this
research, Odisha appears something of an exception in that
its coeﬃcient eﬀects in the comparison with Tamil Nadu are
substantially smaller than in the case of the other states. This
ﬁnding is consistent with the fact that Odisha, like Tamil
Nadu, is recognized as a “positive deviant” in
nutrition-related policymaking. 15 Mohmand (2012) describes
the improved horizontal coordination across sectors in deliver-
ing nutrition, as well as more enlightened and eﬃcient man-
agement within relevant sectors implemented in Odisha since
the early 2000s. This includes orienting the state’s ICDS pro-
gram to better focus on under-3s, setting up coordination
mechanisms across key ministries at the district, block, and
sector levels, and appointing personnel with practical nutrition
backgrounds to key positions.
In terms of analytical issues, a basic takeaway point from
this work is that, given the large scope for heterogeneity across
states in India, it is important to allow parameters to vary
accordingly. The decomposition methods we use are based
on regressions that allow intercepts as well as slopes to vary
across states - eﬀectively estimating separate models for each
state - which we suggest is important in capturing the
heterogeneities described above accurately. Additionally, the
second of the two decomposition methods we employ allows
the impact of each covariate to vary across the distribution
of HAZ, an intuitively appealing approach to modeling
HAZ outcomes. 16 The weaknesses of this study are also
acknowledged - we do not identify causal eﬀects, our model
speciﬁcations are limited by the nature of the DFHS data,
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identical sets of covariates across groups, and interpretations
of coeﬃcient eﬀects are speculative. Nevertheless, this research
helps highlight important state-speciﬁc dimensions to nutri-
tional improvement in India.
Some additional policy and intervention-relevant insights
arise speciﬁcally from allowing parameters to vary across
states and the HAZ distribution. One such insight is the strong
relationship between agricultural land ownership and HAZ in
Bihar, MP, and Tamil Nadu speciﬁcally. Agricultural land
ownership by the household (relative to landlessness) is associ-
ated with a substantial improvement in HAZ, particularly in
the bottom half of the conditional HAZ distribution contain-
ing relatively nutritionally vulnerable children. The limited
nature of the NFHS data in terms of livelihoods, diets, and
agriculture dimensions do not allow this basic association to
be unpacked further, nor can causation be inferred. However,
at least, the estimated relationship between agricultural land
ownership and HAZ could be argued to present a hypothesis
to be pursued further by future research examining causal
impact. Other speciﬁc areas for priority policy focus in each
of the ﬁve comparison states are presented in Appendix
Table 18, along with contextual information on the current
policy landscape. These include a suggested focus on sanita-
tion in Gujarat, where our results suggest a particularly strongrelationship between open defecation and HAZ in the lower
half of the distribution, the importance of growth monitoring
in UP, and programs and policies relating to maternal nutri-
tion and education in Bihar, UP, and MP.
Nutrition has had a relatively low-key presence in the Mil-
lennium Development Goals (MDG) framework, with an
imperfect underweight measure forming one of nine indicators
for MDG1. However, it has gained substantial prominence in
the last few years, marked by the inclusion of “Food security
and good nutrition” as one of the twelve goals proposed for
the post-2015 Development Agenda by the UN High Level
Panel (Smith and Haddad, 2015). Stunting is emerging as
the metric of choice for nutrition for the post-2015 world,
enabling individual-level measurement of chronic deprivation
and capturing intergenerational welfare tradeoﬀs (Haddad
2013). The states studied here account for a sixth of the
world’s stunted under-5s, and thus this research has relevance
for the post-2015 development framework. Gillespie et al.
(2013), in the Lancet Series on Maternal and Child Nutrition
argue that, in addition to scaling up proven nutrition-speciﬁc
interventions and increasing the nutrition-sensitivity of inter-
ventions in other sectors, focusing on policy processes and
outcomes and their political underpinnings will be critical
for nutrition in the post-2015 era. Our ﬁndings are in agree-
ment with this view.NOTES1. We undertake comparison of multiple states against a common
benchmark in an attempt to discern general patterns to the extent possible
in this framework.
2. We do not oﬀer a comprehensive review of the literature here. Rather,
the purpose is to highlight some key themes that have been examined, with
a focus on recent literature.
3. Another reason for our choice has an empirical basis. The reliability of
the Quantile Regression (QR)-based decomposition method, described
below, used to compute covariate and coeﬃcient eﬀects along the entire
HAZ distribution is crucially dependent on an empirical ﬁt that minimizes
the gap between the observed (empirical) HAZ distribution and the
simulated distribution. In practice, Tamil Nadu displayed a better ﬁt than
alternatives like Kerala. Sample size issues also came into consideration.
QR-based decomposition methods demand large sample sizes for suﬃcient
reliability, and the Kerala rural sample of under-ﬁves was signiﬁcantly
smaller than in the case of Tamil Nadu.
4. Of course, this broad set of variables could be grouped in several
alternative ways. The classiﬁcation we use facilitates connection with
previous themes explored in the literature reviewed, such as sanitation,
agriculture and maternal education and empowerment.
5. Assets are included individually rather than as a wealth index since
individual assets were found to have independent explanatory power in
our regressions.
6. Note that the right hand side of (4) refers to the gap arising from
simulated HAZ distributions for MP and TN. Since the simulated
distributions will not match the observed or empirical distributions
exactly, the inter-state gap based on empirical distributions will include a
residual error term as indicated in (4).
7. Since there is no objective way of categorizing rural households as
agricultural or non-agricultural in the NFHS data, households that lack
productive assets like land and livestock cannot be assumed to becapital-poor farming households—they may simply be households that are
diversiﬁed away from agriculture. That said, relatively low levels of
ownership of land and livestock are well-known features of TN’s agrarian
economy.
8. Multicollinearity impacts the precision with which some coeﬃcients in
the model are estimated. Versions of the model run omitting key variables
contributing to collinearity (e.g., squared age term) improved some
standard errors to an extent, but not suﬃciently to warrant a change in
model speciﬁcation or insights drawn from it.
9. The alternative Reimers (1983) method of computing the Oaxaca–
Blinder decomposition was also implemented. It estimated even smaller
covariate contributions than the pooled method reported here, but the
results were otherwise consistent.
10. Large contributions to nutrition outcome heterogeneity across
groups arising from unobservable factors captured in the intercept term
have also been noted in the decomposition studies of Van de Poel and
Speybroeck (2009), Van de Poel, O’Donnell, and Van Doorslaer (2009)
and O’Donnell and Wagstaﬀ (2008). Van de Poel, O’Donnell, and Van
Doorslaer (2009) choose to include intercept eﬀects within covariate,
rather than coeﬃcient contributions, in spite of intercepts being
parameters to be estimated, arguing that “we prefer to place them with
the covariate contribution because they essentially reﬂect diﬀerences in the
distributions of determinants, albeit unobservable ones”.
11. To check if results are robust to the choice of benchmark, we repeated
the Machado–Mata decomposition for the distributions of UP, MP,
Gujarat, and Bihar, with Odisha as a benchmark instead of Tamil Nadu.
Odisha has a favorableHAZdistribution relative to the four comparators in
the exercise, and as discussed later, a well-regarded nutrition policy
framework. It arguably shares similarities with the comparators from
cultural and dietary standpoints aswell. Results show that the broad pattern
of results, indicating the dominance of coeﬃcient eﬀects, remains the same.
Full details of this exercise are available in the online Appendix (https://
sites.google.com/site/elisacavatortawebsite/home/research).
228 WORLD DEVELOPMENT12. Coeﬃcient eﬀects have become more important over time. We also
carried out an Oaxaca decomposition on the NFHS-2 from 1998 to
1999, which shows that, coeﬃcient eﬀects were important even in 1998–
99 (with the exception of Odisha), although relatively less than in 2005.
This suggests that diﬀerences in HAZ distributions are increasingly
dominated by the role of cross-state diﬀerences in the returns to
endowments, which are becoming more pronounced relative to
cross-state diﬀerences in covariates. Full results are available in the
online Appendix (https://sites.google.com/site/elisacavatortawebsite/
home/research).
13. The model speciﬁcation presented here is the one that provides the
best ﬁt of HAZ scores in the benchmark state (i.e., minimizes the diﬀerence
between the empirical HAZ distribution of the benchmark state and the
simulated HAZ distribution from the quantile regression model).14. In this respect too, Tamil Nadu has a better record that most states.
15. Odisha’s stunting prevalence, although still relatively high, has fallen
substantially over time.
16. Focusing on under-ﬁves enables adequate sample sizes at the state
level for our analysis. However, since the ﬁrst 1,000 days in the life of child
are particularly important determinants of HAZ-scores, we also performed
a Machado–Mata decomposition on a restricted sample of children aged
less than 24 months. With the exception of Bihar, the results show a similar
pattern: states that show a predominant covariate (coeﬃcients) eﬀect in the
full sample also show a predominant covariate (coeﬃcients) eﬀects in the
restricted sample; the covariate eﬀect tends to decrease along the HAZ
distribution. Results are available in the online Appendix (https://
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TN UP Bihar
Percentile HAZ HAZ HAZ
10 3.16 (3.31, 2.96) 4.34 (4.44, 4.24) 4.21 (4.36, 4.
25 2.27 (2.43,2.15) 3.37 (3.44, 3.32) 3.25 (3.33, 3.
50 1.32 (1.51, 1.22) 2.32 (2.38, 2.25) 2.26 (2.36, 2.
75 0.23 (0.52, 0.03) 1.24 (1.3, 1.16) 1.22 (1.33, 1.
90 0.8 (0.60, 1.15) 0.18 (0.28, 0.03) 0.131 (0.28, 0.
95% conﬁdence intervals in parentheses.
Table 5. HAZ mean re
Variables TN Bihar M
Child characteristics
Age 0.0655*** 0.115*** 0.1
(0.0161) (0.00934) (0.0
Age2 0.00086*** 0.0014*** 0.00
(0.00025) (0.00015) (0.0
Birth order 0.0169 0.126 0.1
(0.145) (0.0826) (0.0
Female 0.232* 0.131* 0.0
(0.126) (0.0758) (0.0
Weight at birth 0.274** 0.357** 0.47
(0.112) (0.180) (0.
Empowerment & educ.
Mother’s schooling 0.0515 0.0501* 0.05
(0.0317) (0.0261) (0.0
Age at ﬁrst marriage 0.0102 0.0173 0.0
(0.0218) (0.0177) (0.0
Mother’s nutrition
Mother’s HAZ 0.221*** 0.291*** 0.34
(0.0655) (0.0429) (0.0
Mother anemic 0.0265 0.326*** 0.3
(0.175) (0.0963) (0.
Assets (non-agric.)
Electricity 0.112 0.0101 0.0
(0.207) (0.112) (0.0
TV 0.189 0.264* 0.0
(0.147) (0.136) (0.
Fridge 0.545 0.251 0.
(0.414) (0.250) (0.
Scooter 0.0706 0.293 0.
(0.185) (0.189) (0.
Car 0.875 1.053** 0.
(0.855) (0.507) (0.Van de Poel, E., & Speybroeck, N. (2009). Decomposing malnutrition
inequalities between Scheduled Castes and Tribes and the remaining
Indian population. Ethnicity & Health, 14(3), 271–287.
Visaria, L., & Visaria, P. (2003). Long-term population projections for
major states, 1991–2101. Economic and Political Weekly, 4763–4775.APPENDIXvalues of HAZ
Odisha MP Gujarat
HAZ HAZ HAZ
03) 3.64 (3.78, 3.48) 4.33 (4.46, 4.16) 4.11 (4.32, 3.88)
12) 2.82 (2.91, 2.73) 3.15 (3.29, 3.01) 3.12 (3.28, 3.02)
15) 1.87 (1.98, 1.78) 2.07 (2.15, 1.95) 2.19 (2.27, 2.05)
05) 0.90 (1.00, 0.79) 1.09 (1.2, 0.93) 1.17 (1.29, 1.05)
01) 0.107 (0.02, 0.28) 0.08 (0.06, 0.31) 0.33 (0.43, 0.11)
gression coeﬃcients
P UP Gujarat Odisha
05*** 0.127*** 0.0785*** 0.0642***
105) (0.00616) (0.0120) (0.0104)
13*** 0.0016*** 0.0011*** 0.0008***
0016) (0.00010) (0.00019) (0.00016)
96** 0.137*** 0.0215 0.0748
875) (0.0524) (0.105) (0.0987)
713 0.0494 0.142 0.182**
834) (0.0508) (0.0991) (0.0851)
1*** 0.150 0.229** 0.253**
141) (0.127) (0.102) (0.107)
37** 0.0617*** 0.0358 0.0572**
240) (0.0138) (0.0269) (0.0250)
0213 0.00569 0.0452** 0.0403***
166) (0.0112) (0.0190) (0.0151)
6*** 0.317*** 0.332*** 0.317***
453) (0.0278) (0.0537) (0.0489)
80*** 0.107 0.0868 0.197*
107) (0.0665) (0.122) (0.110)
880 0.223*** 0.314** 0.229**
964) (0.0653) (0.141) (0.115)
619 0.0535 0.118 0.0939
124) (0.0689) (0.126) (0.137)
185 0.251 0.149 0.235
244) (0.180) (0.215) (0.249)
182 0.203** 0.110 0.322*
165) (0.0892) (0.160) (0.178)
0552 0.138 0.154 0.858
632) (0.358) (0.441) (0.653)
(continued on next page)
Table 5 (continued)
Variables TN Bihar MP UP Gujarat Odisha
Mother’s employment
Mother unemployed 0.0977 0.283 0.507 0.103 0.0373 0.159
(0.302) (0.240) (0.312) (0.208) (0.260) (0.220)
Mother manual labor 0.0956 0.459 0.448 0.383 0.293 0.289
(0.357) (0.360) (0.321) (0.245) (0.304) (0.285)
Mother in agriculture 0.115 0.408 0.572* 0.121 0.0246 0.0633
(0.327) (0.248) (0.313) (0.212) (0.266) (0.236)
Assets (agricultural)
Own land 0.196 0.228** 0.192 0.245*** 0.171 0.0338
(0.302) (0.109) (0.170) (0.0850) (0.209) (0.146)
Irrigation 0.174 0.0187 0.279* 0.00930 0.185 0.0230
(0.319) (0.113) (0.160) (0.0747) (0.202) (0.136)
Cows 0.0945 0.0519 0.136 0.00157 0.00354 0.0768
(0.170) (0.0838) (0.102) (0.0615) (0.124) (0.0960)
Goats 0.241 0.115 0.177 0.000144 0.0541 0.0596
(0.215) (0.0823) (0.109) (0.0581) (0.139) (0.112)
Chickens 0.0221 0.345*** 0.0315 0.0803 0.235 0.0268
(0.175) (0.109) (0.140) (0.101) (0.175) (0.102)
Sanitation & environment
Open defecation (household) 0.481** 0.116 0.0631 0.00271 0.350** 0.107
(0.219) (0.132) (0.193) (0.0903) (0.163) (0.167)
Open defecation (village) 0.626 0.105 0.0579 0.0628 0.169 0.808**
(0.410) (0.356) (0.336) (0.157) (0.261) (0.326)
Clean Fuel 0.0139 0.158 0.106 0.0841 0.159 0.0436
(0.226) (0.261) (0.286) (0.165) (0.198) (0.323)
Constant 0.281 0.906 1.674** 0.239 1.523** 1.167*
(0.833) (0.719) (0.684) (0.503) (0.632) (0.608)
Demographics
Children under age six (prop.) 0.182 0.233 0.437 0.284 0.259 0.549
(0.485) (0.340) (0.370) (0.220) (0.426) (0.688)
Household size 0.00344 0.000378 0.0197 0.00973 0.0440** 0.0812**
(0.0443) (0.0126) (0.0172) (0.00775) (0.0182) (0.0356)
Observations 696 1,380 1,471 3,460 849 1,141
R2 0.119 0.234 0.167 0.215 0.194 0.170
Standard errors in parentheses. Asterisks denote the level of signiﬁcance: ***p < 0.01, **p < 0.05, *p < 0.1. Regression also includes a dummy variable
control for missing data for the birth weight variable.
Table 6. Tests of equality of coeﬃcients between each state and TN:H0:b
TN = bCOMPARISON STATE
Comparison Statistic P-value
TN and Bihar F(29, 2018) = 3.65 0.000
TN and MP F(29, 2019) = 2.85 0.000
TN and UP F(29, 4098) = 4.39 0.000
TN and Gujarat F(29, 1487) = 3.72 0.000
TN and Odisha F(29, 1779) = 1.85 0.003
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Table 7. Detailed Oaxaca–Blinder decompositions: Tamil Nadu and Bihar
Covariate P > z Coeﬃcient P > z
Explained Unexplained
Open defecation (household) 0.002 0.739 0.306 0.13
Open defecation (village) 0.002 0.529 0.435 0.295
Birthorder 0.005 0.476 0.145 0.462
Female 0.000 0.882 0.173 0.011
Age 0.125 0.118 1.501 0.009
Age squared 0.083 0.198 0.740 0.037
Mother’s HAZ 0.090 0 0.147 0.356
Mother’s schooling 0.025 0.552 0.236 0.005
Age at ﬁrst marriage 0.032 0.421 0.114 0.808
Mother anemic 0.009 0.074 0.050 0.12
Clean fuel 0.003 0.838 0.002 0.898
Electricity 0.020 0.765 0.077 0.654
TV 0.012 0.699 0.134 0.018
Fridge 0.000 0.89 0.021 0.053
Scooter 0.018 0.236 0.022 0.411
Car 0.000 0.989 0.011 0.078
Mother unemployed 0.004 0.639 0.233 0.306
Mother manual laborer 0.006 0.732 0.024 0.346
Mother in agriculture 0.014 0.256 0.087 0.45
Weight at birth 0.618 0.002 0.040 0.803
Own land 0.050 0.026 0.010 0.94
Irrigation 0.006 0.482 0.061 0.551
Cows 0.026 0.242 0.020 0.718
Goats 0.027 0.205 0.041 0.223
Chickens 0.005 0.235 0.062 0.067
Children less than age 6 0.005 0.506 0.116 0.439
Household size 0.023 0.455 0.003 0.99
Constant 1.186 0.261
Total 0.033 0.797 0.954 0
Table 8. Detailed Oaxaca–Blinder decompositions: Tamil Nadu and MP
Covariate P > z Coeﬃcient P > z
Explained Unexplained
Open defecation (household) 0.019 0.083 0.362 0.117
Open defecation (village) 0.013 0.446 0.587 0.16
Birthorder 0.014 0.122 0.235 0.239
Female 0.002 0.566 0.078 0.275
Age 0.018 0.81 1.199 0.045
Age squared 0.004 0.947 0.575 0.122
Mother’s HAZ 0.013 0.313 0.240 0.115
Mother’s schooling 0.032 0.329 0.267 0.007
Age at ﬁrst marriage 0.020 0.571 0.207 0.672
Mother anemic 0.008 0.112 0.059 0.072
Clean fuel 0.000 0.989 0.005 0.821
Electricity 0.007 0.723 0.163 0.438
TV 0.002 0.936 0.099 0.15
Fridge 0.004 0.295 0.012 0.289
Scooter 0.010 0.282 0.016 0.645
Car 0.000 0.788 0.004 0.312
Mother unemployed 0.060 0.119 0.192 0.256
Mother manual laborer 0.018 0.251 0.050 0.336
Mother in agriculture 0.050 0.11 0.230 0.075
Weight at birth 0.673 0 0.226 0.284
Own land 0.066 0.165 0.008 0.961
Irrigation 0.070 0.067 0.030 0.812
Cows 0.058 0.131 0.011 0.865
Goats 0.012 0.191 0.048 0.099
Chickens 0.002 0.784 0.009 0.768
Children less than age 6 0.007 0.371 0.068 0.676
Household size 0.030 0.364 0.091 0.721
Constant 1.954 0.05
Total 0.091 0.347 0.762 0
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Table 9. Detailed Oaxaca–Blinder decompositions: Tamil Nadu and UP
Covariate P > z Coeﬃcient P > z
Explained Unexplained
Open defecation (household) 0.000 0.965 0.403 0.029
Open defecation (village) 0.000 0.758 0.469 0.153
Birthorder 0.011 0.053 0.156 0.38
Female 0.000 0.996 0.136 0.033
Age 0.186 0.026 1.875 0
Age squared 0.149 0.031 0.995 0.003
Mother’s HAZ 0.077 0 0.193 0.167
Mother’s schooling 0.086 0 0.326 0.001
Age at ﬁrst marriage 0.003 0.916 0.287 0.51
Mother anemic 0.002 0.282 0.013 0.654
Clean fuel 0.008 0.498 0.013 0.575
Electricity 0.113 0.002 0.282 0.154
TV 0.002 0.834 0.103 0.132
Fridge 0.001 0.628 0.008 0.391
Scooter 0.011 0.043 0.023 0.486
Car 0.000 0.864 0.004 0.286
Mother unemployed 0.002 0.827 0.123 0.529
Mother manual laborer 0.010 0.353 0.033 0.259
Mother in agriculture 0.001 0.701 0.003 0.977
Weight at birth 0.480 0.007 0.158 0.355
Own land 0.080 0.011 0.030 0.809
Irrigation 0.003 0.903 0.055 0.585
Cows 0.012 0.647 0.032 0.53
Goats 0.000 0.987 0.025 0.333
Chickens 0.007 0.437 0.017 0.562
Children less than age 6 0.007 0.269 0.027 0.846
Household size 0.018 0.409 0.042 0.855
Constant 0.520 0.56
Total 0.156 0.125 0.884 0
Table 10. Detailed Oaxaca–Blinder decompositions: Tamil Nadu and Gujarat
Covariate P > z Coeﬃcient P > z
Explained Unexplained
Open defecation (household) 0.033 0.011 0.105 0.598
Open defecation (village) 0.034 0.133 0.366 0.295
Birthorder 0.001 0.872 0.007 0.976
Female 0.002 0.688 0.043 0.561
Age 0.094 0.144 0.391 0.529
Age squared 0.065 0.231 0.295 0.443
Mother’s HAZ 0.015 0.261 0.213 0.185
Mother’s schooling 0.048 0.062 0.047 0.653
Age at ﬁrst marriage 0.042 0.051 0.630 0.212
Mother anemic 0.004 0.457 0.010 0.787
Clean fuel 0.000 0.933 0.024 0.508
Electricity 0.008 0.309 0.365 0.127
TV 0.003 0.793 0.123 0.105
Fridge 0.030 0.031 0.029 0.112
Scooter 0.000 0.868 0.007 0.861
Car 0.001 0.761 0.008 0.158
Mother unemployed 0.018 0.411 0.023 0.893
Mother manual laborer 0.000 0.88 0.032 0.344
Mother in agriculture 0.010 0.729 0.032 0.789
Weight at birth 0.302 0.001 0.086 0.739
Own land 0.043 0.331 0.009 0.959
Irrigation 0.042 0.249 0.001 0.994
Cows 0.009 0.75 0.029 0.697
Goats 0.000 0.992 0.034 0.283
Chickens 0.011 0.285 0.029 0.362
Children less than age 6 0.006 0.426 0.022 0.896
Household size 0.060 0.044 0.222 0.384
Constant 1.803 0.058
Total 0.058 0.471 0.999 0
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Table 11. Detailed Oaxaca–Blinder decompositions: Tamil Nadu and Odisha
Covariate P > z Coeﬃcient P > z
Explained Unexplained
Open defecation (household) 0.015 0.064 0.321 0.134
Open defecation (village) 0.034 0.009 0.158 0.700
Birthorder 0.000 0.762 0.074 0.709
Female 0.001 0.695 0.202 0.005
Age 0.071 0.185 0.041 0.944
Age squared 0.048 0.288 0.016 0.965
Mother’s HAZ 0.065 0.000 0.198 0.218
Mother’s schooling 0.015 0.543 0.281 0.005
Age at ﬁrst marriage 0.037 0.011 0.553 0.228
Mother anemic 0.004 0.303 0.029 0.393
Clean fuel 0.008 0.650 0.007 0.713
Electricity 0.093 0.046 0.284 0.139
TV 0.028 0.185 0.036 0.585
Fridge 0.001 0.625 0.025 0.049
Scooter 0.016 0.139 0.033 0.290
Car 0.001 0.704 0.000 0.949
Mother unemployed 0.011 0.294 0.034 0.869
Mother manual laborer 0.009 0.293 0.016 0.617
Mother in agriculture 0.000 0.841 0.047 0.626
Weight at birth 0.380 0.000 0.034 0.886
Own land 0.008 0.869 0.096 0.524
Irrigation 0.019 0.552 0.055 0.643
Cows 0.029 0.314 0.007 0.913
Goats 0.006 0.514 0.019 0.524
Chickens 0.003 0.794 0.009 0.826
Children less than age 6 0.000 0.966 0.100 0.538
Household size 0.018 0.411 0.063 0.806
Constant 1.448 0.124
Total 0.227 0.003 0.377 0.000
Table 12. Quantile regression coeﬃcients: Tamil Nadu
10th 25th 50th 75th 90th
Open defecation (household) 0.362 0.117 0.105 0.164 0.541
Open defecation (village) 0.157 0.519 0.083 0.714 2.098*
Birth order 0.074 0.093 0.088 0.116 0.124
Female 0.242 0.346*** 0.194* 0.164 0.291
Age 0.030 0.063*** 0.072*** 0.082*** 0.113**
Age2 0.000 0.001*** 0.001*** 0.001*** 0.001**
Mother’s HAZ 0.158* 0.265*** 0.296*** 0.268*** 0.071
Mother’s schooling 0.004 0.001 0.013 0.001 0.006
Age at ﬁrst marriage 0.084*** 0.048** 0.029 0.039 0.045
Mother anemic 0.001 0.003 0.105 0.160 0.100
Clean fuel 0.430 0.273 0.024 0.144 0.354
Electricity 0.107 0.111 0.138 0.280 0.442
TV 0.325 0.272* 0.231* 0.067 0.134
Refrigerator 1.155* 1.046** 0.699* 0.737 0.079
Motorcycle 0.078 0.010 0.249 0.250 0.307
Car 0.656 0.930 1.393* 2.191* 0.066
Mother unemployed 0.015 0.170 0.020 0.315 0.239
Mother manual labor 0.086 0.055 0.188 0.107 0.689
Mother in agriculture 0.185 0.026 0.084 0.486 0.314
Birth weight 0.190 0.207* 0.305*** 0.378** 0.396
Own land 0.682** 0.623*** 0.208 0.154 0.157
Irrigation 0.008** 0.006** 0.005** 0.002 0.000
Cows 0.004 0.063 0.061 0.023 0.076
Goats 0.208 0.189 0.120 0.185 0.639
Chickens 0.305 0.133 0.304** 0.062 0.250
Children under age six 0.550 0.820* 0.601 0.612 0.036
Household size 0.062 0.046 0.076** 0.019 0.114
Constant 4.043*** 1.665* 0.875 2.415** 5.575**
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Table 13. Quantile regression coeﬃcients: Bihar
10th 25th 50th 75th 90th
Open defecation (household) 0.116 0.115 0.199 0.105 0.559**
Open defecation (village) 0.412 0.044 0.519 0.225 0.073
Birth order 0.072 0.255** 0.228** 0.193 0.04
Female 0.15 0.141 0.177** 0.036 0.047
Age 0.100*** 0.101*** 0.120*** 0.124*** 0.121***
Age2 0.001*** 0.001*** 0.002*** 0.002*** 0.002***
Mother’s HAZ 0.274*** 0.276*** 0.306*** 0.265*** 0.238***
Mother’s schooling 0.052** 0.060*** 0.032** 0.009 0.023
Age at ﬁrst marriage 0.01 0.013 0.045** 0.024 0.024
Mother anemic 0.172 0.268** 0.269** 0.387*** 0.351*
Clean fuel 0.138 0.239 0.155 0.044 0.203
Electricity 0.252 0.165 0.052 0.023 0.169
TV 0.091 0.144 0.295** 0.410** 0.194
Refrigerator 0.483 0.579* 0.082 0.302 0.175
Motorcycle 0.789** 0.398 0.483** 0.228 0.006
Car 0.016 1.222* 0.793 0.648 2.863***
Mother unemployed 0.162 0.129 0.191 0.438 0.73
Mother manual labor 0.825 0.075 0.423 0.614 1.191
Mother in agriculture 0.383 0.012 0.438 0.652* 0.582
Birth weight 0.299 0.487** 0.472** 0.633** 0.173
Own land 0.165 0.638** 0.507** 0.571** 0.114
Irrigation 0.001 0.004 0.002 0.003 0.001
Cows 0.139 0.12 0.027 0.019 0.052
Goats 0.118 0.038 0.058 0.273** 0.235
Chickens 0.485** 0.360** 0.367*** 0.391** 0.156
Children under age six 0.58 0.491 0.202 0.118 0.257
Household size 0.009 0.003 0.018 0.005 0.01
Constant 2.627** 3.286*** 1.693** 0.767 1.997
Table 14. Quantile regression coeﬃcients: Madhya Pradesh
10th 25th 50th 75th 90th
Open defecation (household) 0.236 0.362 0.194 0 0.09
Open defecation (village) 0.468 0.201 0.53 0.254 0.493
Birth order 0.271 0.384*** 0.14 0.206* 0.123
Female 0.156 0.028 0.025 0.145 0.053
Age 0.110*** 0.099*** 0.108*** 0.099*** 0.102***
Age2 0.001*** 0.001*** 0.001*** 0.001*** 0.001***
Mother’s HAZ 0.309*** 0.373*** 0.409*** 0.363*** 0.367***
Mother’s schooling 0.059** 0.043** 0.034** 0.041** 0.029
Age at ﬁrst marriage 0.028 0.019 0.002 0.026 0.017
Mother anemic 0.356* 0.343** 0.375*** 0.382*** 0.507**
Clean fuel 0.385 0.123 0.149 0.059 0.31
Electricity 0.330* 0.144 0.09 0.066 0.089
TV 0.083 0.102 0.064 0.084 0.029
Refrigerator 0.201 0.372 0.026 0.203 0.139
Motorcycle 0.014 0.511** 0.261 0.357* 0.176
Car 0.696 0.325 0.223 0.095 0.141
Mother unemployed 0.063 0.307 0.23 0.499 1.092
Mother manual labor 0.226 0.436 0.149 0.461 0.823
Mother in agriculture 0.315 0.366 0.336 0.54 1.066
Birth weight 0.263 0.368** 0.340** 0.522*** 0.926***
Own land 0.21 0.113 0.143 0.05 0.166
Irrigation 0.003 0.001 0.001 0.001 0.001
Cows 0.197 0.280** 0.161 0.037 0.069
Goats 0.296 0.086 0.19 0.259* 0.12
Chickens 0.42 0.172 0.03 0.215 0.135
Children under age six 0.027 0.632 0.476 1.035** 1.203
Household size 0.018 0.055** 0.018 0.021 0.008
Constant 2.673** 2.244** 1.207 0.551 0.893
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Table 15. Quantile regression coeﬃcients: Gujarat
10th 25th 50th 75th 90th
Open defecation (household) 0.959*** 0.522** 0.328** 0.147 0.013
Open defecation (village) 0.141 0.181 0.21 0.218 0.26
Birth order 0.278 0.045 0.062 0.042 0.371*
Female 0.377** 0.305** 0.107 0.004 0.222
Age 0.106*** 0.115*** 0.088*** 0.073*** 0.068***
Age2 0.001*** 0.002*** 0.001*** 0.001*** 0.001*
Mother’s HAZ 0.365*** 0.296*** 0.263*** 0.349*** 0.448***
Mother’s schooling 0.03 0.008 0.013 0.028 0.042
Age at ﬁrst marriage 0.034 0.032 0.052*** 0.057** 0.078*
Mother anemic 0.124 0.297* 0.123 0.144 0.016
Clean fuel 0.21 0.143 0.179 0.209 0.48
Electricity 0.561** 0.679*** 0.407*** 0.066 0.007
TV 0.228 0.087 0.055 0.096 0.056
Refrigerator 0.025 0.135 0.196 0.221 0.42
Motorcycle 0.333 0.055 0.006 0.138 0.48
Car 0.531 0.271 0.014 0.26 0.219
Mother unemployed 0.186 0.367 0.177 0.171 0.388
Mother manual labor 0.465 0.728* 0.532* 0.243 0.024
Mother in agriculture 0.013 0.374 0.276 0.105 0.313
Birth weight 0.073 0.126 0.309*** 0.330** 0.314
Own land 0.19 0.219 0.177 0.211 0.2
Irrigation 0.001 0.003 0 0.002 0.008**
Cows 0.127 0.049 0.086 0.066 0.642**
Goats 0.112 0.109 0.042 0.165 0.258
Chickens 0.087 0.376 0.328* 0.245 0.336
Children under age six 0.19 0.305 0.823* 0.401 0.623
Household size 0.03 0.002 0.036* 0.042* 0.109***
Constant 2.056* 1.715** 1.600** 1.07 0.421
Table 16. Quantile regression results: Odisha
10th 25th 50th 75th 90th
Open defecation (household) 0.105 0.075 0.175 0.166 0.083
Open defecation (village) 0.554 1.004** 0.717** 0.870* 0.419
Birth order 0.031 0.131 0.134 0.134 0.238
Female 0.064 0.153 0.275*** 0.262** 0.409**
Age 0.047*** 0.062*** 0.069*** 0.079*** 0.075***
Age2 0.001*** 0.001*** 0.001*** 0.001*** 0.001**
Mother’s HAZ 0.296*** 0.291*** 0.322*** 0.396*** 0.361***
Mother’s schooling 0.090*** 0.073*** 0.054*** 0.014 0.005
Age at ﬁrst marriage 0.017 0.019 0.035** 0.051** 0.034
Mother anemic 0.096 0.077 0.257** 0.22 0.135
Clean fuel 0.809 0.248 0.113 0.221 0.025
Electricity 0.223 0.281** 0.178 0.199 0.113
TV 0.17 0.205 0.300** 0.127 0.133
Refrigerator 0.522 0.685** 0.218 0.32 0.592
Motorcycle 0.054 0.28 0.293 0.261 0.431
Car 0.953 1.771** 0.974 0.18 0.504
Mother unemployed 0.024 0.134 0.087 0.321 0.263
Mother manual labor 0.486 0.328 0.235 0.246 0.089
Mother in agriculture 0.277 0.039 0.082 0.368 0.481
Birth weight 0.149 0.185 0.146 0.308** 0.444**
Own land 0.064 0.048 0.083 0.213 0.26
Irrigation 0.004** 0.002 0.003** 0.002 0.003
Cows 0.051 0.061 0.13 0.029 0.21
Goats 0.054 0.127 0.037 0.092 0.06
Chickens 0.042 0.057 0.076 0.003 0.269
Children under age six 0.512 0.007 0.21 0.411 0.481
Household size 0.032 0.011 0.005 0.016 0.048
Constant 2.898*** 1.732** 0.771 0.432 0.362
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Table 17. Quantile regression results: UP
10th 25th 50th 75th 90th
Open defecation (household) 0.045 0.016 0.059 0.017 0.03
Open defecation (village) 0.039 0.065 0.117 0.009 0.163
Birth order 0.139 0.150** 0.130** 0.103 0.153
Female 0.012 0.112* 0.071 0.02 0.075
Age 0.117*** 0.117*** 0.125*** 0.126*** 0.133***
Age2 0.002*** 0.002*** 0.002*** 0.002*** 0.002***
Mother’s HAZ 0.244*** 0.326*** 0.317*** 0.308*** 0.331***
Mother’s schooling 0.071*** 0.044*** 0.030*** 0.021** 0.016
Age at ﬁrst marriage 0.01 0.011 0.019 0.008 0.026
Mother anemic 0.062 0.026 0.109 0.257*** 0.197
Clean fuel 0.065 0.177 0.198 0.105 0.04
Electricity 0.238* 0.195** 0.258*** 0.308*** 0.111
TV 0.07 0.028 0.037 0.006 0.024
Refrigerator 0.441 0.316 0.108 0.127 0.061
Motorcycle 0.002 0.216** 0.350*** 0.233** 0.311*
Car 0.187 0.001 0.393 0.338 0.26
Mother unemployed 0.482 0.006 0.036 0.104 0.016
Mother manual labor 0.721 0.676** 0.278 0.212 0.133
Mother in agriculture 0.512 0.033 0.028 0.038 0.001
Birth weight 0.429* 0.306** 0.297** 0.025 0.022
Own land 0.540* 0.268 0.589*** 0.599*** 0.690**
Irrigation 0.002 0.001 0.003 0.004* 0.004
Cows 0.045 0.005 0.04 0.036 0.027
Goats 0.022 0.01 0.002 0.075 0.038
Chickens 0.049 0.003 0.139 0.331** 0.034
Children under age six 0.38 0.132 0.671*** 0.740*** 0.307
Household size 0.009 0.001 0.017* 0.017 0.015
Constant 3.597*** 2.298*** 0.51 1.166* 2.577**
Table 18. Some priority areas for policy and program development in the comparison states
Key policy/programmatic areas of focus suggested by this research Key other recommendations from wider literature
Madhya Pradesh Maternal nutrition has a strong association with child HAZ throughout the
HAZ distribution in MP. Bose et al. (2014) report strong stakeholder
support in MP for adopting a life-cycle approach to nutrition in the ICDS
that integrates improvements in maternal nutrition, birthweight, and
nutrition of girls
Bose et al. (2014) note:
*ICDS and the National Rural Health Mission pro-
grams in MP need to be better integrated with other
relevant departments/programs in the state, including
Agriculture, Water and Sanitation and the PDS
*A strategy for knowledge-sharing is required that
would put nutrition more prominently on the state’s
policy agenda, involving enhanced participation of ci-
vil society and media
Bihar Mother’s schooling as well as nutrition co-vary positively and strongly with
child HAZ in Bihar, particularly in the lower half of the conditional HAZ
distribution. Bihar has introduced a raft of policy measures on this front
over the last decade, cash incentives to delay marriage, free school supplies
for adolescent girls, etc. As a consequence the percentage of girls aged 11 to
14 that out of school has declined from 17.6% in 2006 to 4.6% in 2013
(ASER, 2014). Noznesky, Ramakrishnan, and Martorell (2012) suggest
more could be done, including targeting interventions to newlywed women
and providing cash incentives to delay pregnancy until after 18
Noznesky et al. (2012) suggest that the Bihar govern-
ment can build on impressive policy achievements over
the last decade by (among other aspects):
*Improving currently weak M&E systems for pro-
grams such as nutrition supplementation and nutrition
education
*Empowering Panchayati Raj institutions to develop
local initiatives for nutrition
*Facilitating the integration of nutrition education
into the activities of livelihood-based self-help groups
Uttar Pradesh While growth faltering, reﬂected in a negative relationship between child
age and HAZ, is observed in many Indian states, our results indicate it to be
particularly acute in UP. This is consistent with Menon’s (2014) report
based on stakeholder interviews in UP that a lack of technical capacity in
the state ICDS has led to a breakdown of growth monitoring. Building
technical capacity on this and other fronts may be a priority. As in other
states, maternal nutrition and education have strong positive associations
with the lower tail of child HAZ in UP. Menon et al. suggest a large gap
between ICDS service availability and usage; the reasons for this gap need
to be studied and acted on
Menon (2014) also emphasize, among other aspects:
*It is important to capitalize on the high proﬁle that
nutrition is currently enjoying, marked by the launch
of a new Nutrition Mission in the State
*While there is experience in implementing individual
nutrition interventions, there is little comprehension
of how the multiple causes of malnutrition can be tack-
led simultaneously to enable impact at scale. A strate-
gic approach that pools the strengths of development
partners in key areas of relevance to nutrition is needed
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Table 18 (continued)
Key policy/programmatic areas of focus suggested by this research Key other recommendations from wider literature
Odisha Odisha has made great strides in nutrition programing and policymaking,
as outlined in the main text. Notions of inter-departmental convergence and
a life-cycle approach to nutrition that have been suggested as
recommendation for other states are already well-embedded in Odisha’s
approach. Thus Odisha’s need is to build on this impressive base, with
maternal nutrition and education indicated as key areas of focus by our
research
Gujarat This research suggests a very strong relationship between improved
sanitation and child HAZ in Gujarat. One of the Total Sanitation
Campaign’s strategies has been to provide toilet facilities at Anganwadi
centers to discourage open defecation habits from an early age. However,
the Comptroller and Auditor General’s audit of Gujarat has highlighted the
state’s gap between target and implementation. This is an area that needs
priority attention
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